ABSTRACT When the communication infrastructures are damaged in disasters, unmanned aerial vehicles (UAVs) can be utilized as aerial base stations to achieve rapid service recovery. However, the wireless coverage of a single UAV is limited, and device-to-device (D2D) transmission can be exploited to accommodate more users with wireless service. Thus, in this paper, we consider the user association for a dual-UAV-enabled wireless network with the help of D2D connections in disasters. To achieve better performance, we maximize the weighted sum rate of the UAV-served users and the total number of D2D-connected users by optimizing the user association. The formulated problem is a combinatorial optimization problem involving binary variables, which is extremely difficult to solve. Accordingly, we propose two algorithms to solve it approximatively. The first algorithm is the learning-based clustering algorithm by viewing the optimization as a clustering problem. The users who can be served by the UAVs are regarded as cluster centers, which need to be selected optimally. In the second one, the binary variables are relaxed into continuous variables, and then, the problem can be solved by the existing optimization tools. The simulation results demonstrate that these two algorithms can achieve excellent suboptimal performance, and the computational complexity of the learning-based clustering algorithm is much lower.
I. INTRODUCTION
In disasters, the communication infrastructures such as base stations (BSs) are usually severely damaged. Consequently, the people in disasters will be isolated from the outside without wireless communication service [2] . This will result in the difficulty of rescue, due to the fact that the rescue workers cannot keep connections with the control center and the victims. To solve this problem, unmanned aerial vehicles (UAVs) can be utilized as aerial BSs to provide emergency communications and the wireless service can be recovered, because of their low cost and high mobility [3] - [6] .
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In general, UAV-aided wireless networks can be much easier to deploy because of their flexibility, and can achieve much higher throughput due to the fact that the channels between the aerial UAVs and ground users are nearly dominated by line-of-sight (LoS) [7] . Thus, UAV-aided wireless networks are attracting increasing interests from both industry and academia [4] , [8] - [20] . In [8] , the key issues of routing and protocol for UAV-enabled wireless networks were discussed by Gupta et al. Zeng et al . [4] summarized three typical wireless communication applications for UAVs, including UAV-aided ubiquitous coverage, UAV-aided relaying, and UAV-aided information dissemination. Sharma et al. [9] showed that the user demands satisfied by the network of multiple UAVs can achieve much better capacity and reliability than the existing ground-based networks. In [10] , cached-enabled UAVs were deployed by Chen et al. to improve the quality of experience for the mobile users. In [11] , a caching UAV equipped with a single antenna was utilized by Zhao et al. in small-cell networks to guarantee the secure transmission for scalable videos. Lyu et al. [12] minimized the number of UAV-mounted BSs needed to cover all the ground terminals by using a spiral algorithm. Bor-Yaliniz et al. [13] maximized the number of users covered by a UAV through optimizing the 3-D placement of the UAV. In [14] , clustering algorithms were utilized by Galkin et al. to deploy the UAVs to maximize the service quality for the ground users. Reina et al. [15] combined the local and global searching algorithms to obtain the optimal positioning of UAVs in disasters. In [16] , the UAV trajectory and edge user scheduling were jointly optimized by Cheng et al. to maximize the sum rate of the edge users. Koulali et al. [17] optimized the energy consumption for UAV-aided networks by focusing on the scheduling of beaconing periods. Wu et al. [18] characterized the capacity region of UAV-aided two-user broadcast channel. Wu et al. [19] proposed a cooperative UAV clustering scheme to offload data from ground to UAV clusters. Cheng et al. [20] optimized the trajectory of the UAV relay to perform secure transmission via caching.
On the other hand, there still remain some technical challenges, although UAVs can play vital roles in future wireless networks especially in the disastrous areas. In particular, a single UAV cannot connect a large amount of users due to its limited battery. In addition, since the rescue resource is extremely scarce in disastrous areas, we cannot deploy many UAVs to provide wide wireless coverage simultaneously. Therefore, to address this challenge, deviceto-device (D2D) connections can be established to accommodate more users with wireless service, which allow direct transmission between two nearby users [21] - [24] . Recently, plenty of research has been conducted on the aspect of D2D communications [25] - [30] . In [25] , the spectrum sharing and mode selection for D2D wireless networks were jointly investigated by Lin et al. Zhao et al. [26] proposed an effective caching D2D scheme by jointly designing the D2D establishment and caching placement. Mozaffari et al. [27] maximized the system sum rate by optimizing the UAV altitude based on the density of D2D users. Christy et al. [28] used the UAV as a mobile BS to discover potential D2D devices in disasters and optimized the UAV flying paths for each area based on the UAV energy constraints. Liu et al. [29] combined the multi-hop D2D with UAV transmission to extend the wireless coverage for disastrous scenarios.
Furthermore, in the UAV-aided wireless networks with D2D connections, it is important to investigate the user association when there exist a large amount of users in the disastrous areas, which aims to determine whether a user is associated with either a particular UAV or a particular UAV-served user, or should remain isolated to save wireless resource for other users with better conditions. In fact, the user association plays an important role to improve the performance of large-scale networks. In [31] , the challenges and opportunities of user association in 5G network were summarized by Liu et al. In [32] , each user was associated with either a macro/small BS or directly through a D2D link by Algedir and Refai, and then, the user association was performed based on the received signal strength. User association is usually a combinatorial optimization problem, which is non-deterministic polynomial (NP)-hard in general and difficult to solve [31] , [33] . Huang et al. [34] optimized the user association to approximatively maximize the network utility by using a cross-entropy algorithm. In [35] , the user association problem was approximatively solved by a distributed algorithm based on the dual decomposition.
Based on the above demonstration, we consider a disastrous area where the UAVs and D2D connections are jointly leveraged to recover the wireless service for more users in this paper. Nevertheless, the user association is extremely complex since the D2D establishment depends on the transmission between the UAVs and ground users. Accordingly, two effective algorithms, i.e., the learning-based clustering algorithm and the relaxed optimization algorithm, are proposed to solve the user association problem approximatively. Especially, the learning-based clustering algorithm can achieve relatively high performance with low complexity, thanks to the advantage of the rapidly developing methods of artificial intelligence [36] - [40] . The key contributions of this paper are summarized as follows.
• To make more users recover the wireless communication service in the disastrous area, the D2D connections between the UAV-served users and other users are established to assist the dual-UAV enable wireless networks.
• To improve the system performance, a user association optimization problem is formulated to maximize the weighted sum rate of users directly served by the UAVs and the total number of users served via D2D connections.
• The proposed user association problem is the combinatorial optimization involving binary variables, which is extremely difficult to solve. Thus, a learning-based clustering algorithm is designed to solve it approximatively by transforming it into a clustering problem. In addition, a relaxed optimization algorithm is also proposed to solve the problem by relaxing the binary variables into continuous ones. The rest of the paper is organized as follows. We describe the system model for the dual-UAV enabled wireless network in Section II. In Section III the optimization problem is formulated. In Section IV, we propose two algorithms to solve it approximatively, including the learning-based clustering algorithm and the relaxed optimization algorithm, with the computation complexity for these algorithms also compared. Simulation results are presented in Section V, followed by conclusions in Section VI.
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II. SYSTEM MODEL A. UAV-TO-USER COMMUNICATION
We consider a wireless network consisting of N ground users and two UAVs serving as aerial BSs, as shown in Fig. 1 . Let N = {1, 2, . . . , N } denote the set of ground users, which are assumed to be randomly and uniformly distributed in the horizontal plane. w n denotes the horizontal location of the nth user. Define binary variables {x 1n } and {x 2n } as the indicator of the UAV-to-user association. The nth user is served by the 1st UAV if x 1n = 1, otherwise x 1n = 0. Similarly, the nth user is served by the 2nd UAV if x 2n = 1, otherwise x 2n = 0. Assume that each UAV can only serve K users at most and each user can only at most be served by one UAV, which yields the constraints as Assume that the horizontal locations of the two UAVs are denoted as w u1 and w u2 , and their altitudes are the same as H . If the nth user is served by the first UAV, i.e., if x 1n = 1, the received signal-to-interference-plus-noise ratio (SINR) can be expressed as
where ρ is the reference path loss at distance d 0 = 1 m. g in is the channel fading coefficient between the nth user and the ith UAV following Nakagami-m fading [7] .
is the distance between the ith UAV and the nth user. p u is the transmit power of each UAV that is allocated to each associated user. σ 2 is the channel noise power at each user. The interference between the users associated with the same UAV is not considered since the orthogonal frequency-division multiple access (OFDMA) scheme is adopted. Nevertheless, the users served by the ith (i = 1, 2) UAV will still receive the interference from the jth (j = i, j = 1, 2) UAV due to the fact that these two UAVs share the same spectrum resource. Similarly, if x 2n = 1, the received SINR at the nth user is expressed as
Notice that the channel fading coefficients g in are random, or at least are time-varying, which makes it very difficult to calculate the SINR. For simplify, we replace the instantaneous fading power |g in | 2 with its average value as
Then, the SINRs γ 1n and γ 2n in (4) and (6) can be rewritten as
Accordingly, the achievable rate in bit/second/Hertz (bps/Hz) of the nth user associated with the two UAVs can be calculated as
Therefore, the sum rate of the users served by the two UAVs can be expressed as
B. D2D COMMUNICATION
On the other hand, the users associated with each UAV can provide wireless service for other users located around them by employing the device-to-device (D2D) scheme. Define binary variables {y nk } as the indicator of the D2D association. If the nth user can obtain its required content from the kth user via D2D, then y nk = 1; otherwise y nk = 0. Since all the users do not need to communicate with themselves, we have y kk = 0, k ∈ N . In addition, only when the kth user is served by either of the UAVs, it can have the chance to provide wireless service to the nth (n = k) user through D2D. Otherwise, the nth user cannot obtain content from the kth user via D2D, i.e., if x 1k + x 2k = 0, then y nk = 0, ∀k, n ∈ N . If x 1k + x 2k = 1, the value of y nk may be 0 or 1. In summary, we have the constraint as
Each user is assumed to be only served by at most one transmitter (either a specific UAV or one of the users served by the UAVs) at one time, which will yield the constraint as
When the nth user is served by the kth user via D2D, i.e., y nk = 1, the receiving rate of the nth user can be expressed as
where p is the transmit power of each user. α and β are the path-loss exponent and the reference channel power of D2D transmission at distance d 0 = 1 m.
is the distance between the kth user and the nth user.
is the average small-scale channel fading power between the kth user and the nth user.
To guarantee the quality of service (QoS) of the D2D users, their transmission rate should be higher than or equal to the rate threshold γ , i.e.,
which can be transformed as
That is to say, to guarantee the QoS of the D2D transmission, we can assume that the UAV-served users will provide transmission to the users through D2D connections only if the distance between them is shorter than or equal to d D2D . Thus, we obtain the constraint as
III. PROBLEM FORMULATION
Let K = {k ∈ N |x 1k + x 2k = 1} denote the set of ground users that are served by the two UAVs. Define N k , k ∈ K as the number of the users who can be served by the kth user, and we have
To improve the performance of the users served by the UAVs and make sure that more users can have the chance to be served through D2D connections, we maximize the weighted sum rate of the UAV-served users and the total number of D2D-served users by optimizing the UAV-to-user association and the D2D association. Therefore, the optimization problem can be formulated as max
where
is a weight assigned to the sum rates of the users served by the UAVs, which satisfies
b in (20a) is a weight assigned to the total number of users served through D2D links, which satisfies
and
When a b, the problem in (20) will be simplified to only maximize the sum rate of the users who are served by the UAVs. On the contrary, if a b, the problem in (20) will be changed into only maximizing the total number of the users served through D2D connections.
In fact, the problem in (20) is NP-hard due to the fact that it is a combinatorial optimization problem involving binary variables x 1 , x 2 and Y [31] . Although we can obtain the global optimal value of (20) through using the exhaustive searching method, its computational complexity is extremely high even in modest-scale networks, which is unbearable in practical systems.
IV. PROPOSED ALGORITHMS WITH LOW COMPLEXITY
As analysed above, it is extremely difficult to obtain the optimal solution of the problem in (20) with tolerable computational complexity. In this section, we will propose two low-complexity algorithms to solve the problem approximatively. In the first algorithm, we view the problem in (20) as a clustering problem, and solve it based on clustering. In the second one, we relax the binary variables into continuous variables, which can be solved by using existing optimization tools. VOLUME 7, 2019 A. LEARNING-BASED CLUSTERING ALGORITHM It is worth noticing that the value of Y depends on the value of x 1 and x 2 . Once x 1 and x 2 are all determined, Y can be uniquely determined based on the distance constraints. From this perspective, our goal is to select the appropriate 2K users to be served by the two UAVs to maximize the objective value (20a). This problem can be viewed as a clustering problem and solved by the cluster-based algorithm. The users served by the UAVs can be viewed as cluster centers and the cluster users satisfying the distance constraints can be served by the corresponding cluster centers through D2D connections. Then, we need to find appropriate 2K clusters to maximize the weighted sum rate of the cluster-center users and the total number of cluster users with the D2D distance constraints satisfied.
The clustering problem is an unsupervised learning problem without some predefined classes in the machine learning field [41] . The data samples are divided into several different clusters according to some similarity. It is known that the K-mean clustering algorithm is a typical algorithm to solve the unsupervised learning problem based on the iterative method [42] , which is widely utilized due to its simplicity and lower computational complexity. In the K-mean clustering algorithm, the initial K cluster centers are first selected randomly, and then, each sample is put to the cluster whose cluster center has shortest Euclidean distance with it. Thus, the cluster centers can be updated with the mean values of each cluster samples until the mean values of the clusters are all unchanged. Inspired by the K-mean clustering algorithm, we propose a similar cluster-based algorithm to solve our optimization problem (20) approximatively.
First, we randomly select 2K points as the initial cluster centers and denote their locations as
Then, the distance between the nth user and the kth cluster center can be calculated for all n and k as
Assign the nth user to the cluster with the nearest cluster center, i.e., assign the nth user to the j n th cluster, where
In addition, we need to select K cluster centers from the 2K cluster centers to be served by the 1st UAV and the remainders are served by the 2nd UAV. The differences between the distances from the kth cluster center to the 1st UAV and to the 2nd UAV for all k can be calculated as
To maximize the sum rate of the users served by the UAVs, we can sort the differences and select the cluster centers with the first K minimal differences to be served by the 1st UAV, due to the fact that shorter distances mean higher transmission rate and longer distances mean less interference.
Next, denote N ij as the subset of the users in the jth (j = 1, 2, . . . , K ) cluster whose cluster center is served by the ith (i = 1, 2) UAV. Then, in the jth cluster with cluster center served by the ith UAV, we only need to solve the subproblem as follows.
n∈N ij
Thus, we can update the UAV-to-user association, the D2D association and c k (k = 1, 2, . . . , 2K ) by optimizing the subproblem in (27) for each new cluster. Repeat the above operations until the cluster-center users do not change any longer.
On the other hand, the subproblem in (27) can be solved effectively by the exhaustive searching method with low computational complexity since the constraints of the subproblems are simple. The subproblem can be solved as follows.
First, denote U n (n ∈ N ij ) as the weighted rate of the nth user and the number of the users who can served by it through D2D connections by assuming that the nth user is chosen to be the cluster center that is served by the ith UAV in the jth cluster, as follows.
In each cluster, caculate U n (n ∈ N ij ) for all the cluster users and sort these values. Then, the maximum value is just the optimal value of the subproblem (27) in the jth cluster whose cluster center is served by the ith UAV. The user corresponding to the maximum value will be selected as the new cluster center.
To make it much clearer, the proposed learning-based clustering algorithm is summarized in Algorithm 1, and the main steps of the algorithm are demonstrated in Fig. 2 .
B. RELAXED OPTIMIZATION ALGORITHM
In the previous subsection, we propose a learning-based clustering algorithm to solve the optimization problem in (20) approximatively. On the other hand, we can also solve the problem by relaxing the binary variables in (20) into continuous variables as
which can be taken as a benchmark. Then, the optimization problem in (20) can be relaxed as (31) , shown at the bottom of this page.
Notice that the optimization problem in (31) is a linear programming problem, which can be solved by using existing optimization tools [43] , such as CVX. Finally, if the solutions are already binary, the relaxation is tight and the solutions are also at least suboptimal solutions of the problem in (20) . Otherwise, the solutionsx 1n ,x 2n andŷ nk need to be discretized into binary values as
C. COMPUTATIONAL COMPLEXITY ANALYSIS
The computational complexity of Algorithm 1 mainly comes from Step 3 and Step 6. In Step 3, the distances from the remaining (N − 2K ) users to the 2K cluster-center users are calculated, which yields the computational complexity of 2K (N − 2K ). In Step 6, we need to calculate the weighted max Calculate the distances from other users to the cluster-center users according to (24) . 4: Assign each user to the cluster with the nearest cluster-center user according to (25) . 5: Select K cluster centers from the 2K cluster centers to be served by the 1st UAV and the remainders are served by the 2nd UAV according to (26) . 6: Update the new cluster-center user, the UAV-to-user association and the user-user association by optimizing the subproblem (27) for each new cluster. 7: until The cluster-center users do not change. transmission rate of the nth ∀n ∈ N ij user and the number of users that can be served by the nth user through D2D connections.
Then, we select the maximum value by the exhaustive searching method in each cluster. Assume that the kth cluster has N k users. The computational complexity of Step 6 is 2K k=1 (N k (N k − 1) ). Therefore, the total computational complexity of each iteration is about
Note that the value of K is much less than that of N , the computational complexity of each iteration can be simplified as O N 2 . Then, denoting C as the iteration number, we can obtain the total complexity of the proposed Algorithm 1 as
From the simulation results in section VI, we can know that Algorithm 1 converges quickly, i.e., C can be treated as a constant and the value of C is much less than that of N . Thus, C 1 can be further simplified as O N 2 .
In the relaxed optimization algorithm, the relaxed problem is linear programming. Although we cannot know the exact number of arithmetic operations required to solve it, we can obtain the bounds on the number of operations when interior-point methods are utilized [43] . Then, the computational complexity of the relaxed optimization algorithm can be calculated as
We can also conclude that the exhaustive searching method has the computational complexity of
Thus, the computational complexity of the exhaustive searching method can be simplified as
The computational complexity of these three algorithms is summarized in Table 1 . From Table 1 , we can observe that the proposed cluster-based algorithm has the lowest computational complexity. 
D. DISCUSSION
The above-mentioned proposed algorithms all have their own advantages, which are discussed as follows.
• For the cluster-based algorithm, its computational complexity is much lower than that of the exhaustive searching method and the relaxed optimization algorithm. However, the performance of the cluster-based algorithm strongly depends on the initial cluster centers, which often makes the results a little instable [42] .
• To make the cluster-based algorithm much stabler and more effective, we should adopt some proper schemes to select the initial cluster centers. Since our goal is to maximize the weighted sum rate of the users served by the UAVs and the total number of users that can be served through D2D, in this paper, we uniformly select K points on the r-radius circle with the ith UAV in the center, as the K initial cluster-center users served by the ith UAV.
• For the relaxed optimization algorithm, its computational complexity is also much lower than that of the exhaustive searching method but higher than that of the cluster-based algorithm. On the other hand, since we relax the binary variables into continuous ones, the binary solutions need to be reconstructed by comparing the solutions of the relaxed optimization problem with 0.5. If the solution is larger than 0.5, it will be set as 1. Otherwise, it will be set as 0. The reconstruction will also result in the degradation of the performance. Nevertheless, the simulation results in Section V will show that the solutions obtained by the relaxed optimization algorithm are nearly binary when the users are not densely located. Thus, this relaxation is often tight and the solutions of the relaxed optimization algorithm are usually suboptimal solutions of the problem in (20) .
V. SIMULATION RESULTS
In this section, we demonstrate the performance of the pro- We first consider the special cases with only maximizing the total number of users that can be served through D2D connections, i.e., a = 0 and b = 1, and only maximizing the sum rate of the users served by the UAVs, i.e., a = 1 and b = 0. When a = 0, b = 1, the UAV-to-user and D2D associations for the proposed two algorithms are shown as in Fig. 3 . From the results, we can see that the UAVs may serve users with worse channels in the relaxed optimization algorithm with CVX, since our goal is only to maximize the number of users served by the D2D connections. In cluster-based algorithm, the users are served by the nearest UAV, which is due to the initialization scheme. When a = 0, b = 1, the UAV-to-user and D2D associations for the proposed two algorithms are shown as in Fig. 4 . From the results, we can conclude that to maximize the sum rate of the users served by the UAVs, the UAVs will serve the users with less interference. The 1st UAV is marked by red ♦ and the cluster-center users served by the 1st UAV are marked by red in cluster-based algorithm and red in relaxed algorithm, respectively. While the 2nd UAV is marked by blue ♦ and the cluster-center users served by the 2nd UAV are marked by blue in cluster-based algorithm and blue in relaxed algorithm, respectively.
Then, we consider the case with a = . We need to maximize the weighted sum rate of the users served by the UAVs and the total number of users that can be served through D2D connections. The UAV-user and user-user associations for the proposed two algorithms when K = 8 and when , and K = 6. The curves and points are marked similarly to those in Fig. 3 . K = 6 are shown as in Fig. 5 and Fig. 6 , respectively. From the figures, we can observe that the results of the learning-based clustering algorithm and the relaxed optimization algorithm are similar, and the users that can serve more users via D2D will be served by the nearest UAV.
In addition, the objective values of the optimization problem in (20) through the two algorithms for different cases when K = 8 are shown in Table 2 . Besides, the objective values of (20) in the different two algorithms are compared in Fig. 7 with different number of users that each UAV can serve. (20) in the proposed two algorithms.
FIGURE 7.
The objective values of (20) in the proposed two algorithms with different number of users that each UAV can serve. Since the simulation results show that the solutions obtained for the relaxed optimization problem are already binary in these cases, the solutions are also suboptimal solutions to the problem in (20) . Then, from Table 1, 2 and Fig. 7 , we can observe that the proposed cluster-based algorithm can achieve relatively high performance close to that of the relaxed optimization algorithm with much lower computational complexity. Furthermore, the convergence of the cluster-based algorithm is shown in Fig. 8 . From the results, we can observe that the proposed cluster-based algorithm can converge quickly.
VI. CONCLUSION
In this paper, we aim to optimize the user association of dual-UAV-aided networks via D2D connections to maximize the weighted sum rate of UAV-served users and the total number of users that can be served through D2D links. However, it is NP-hard and extremely difficult to solve. Thus, we propose two low-complexity algorithms to solve it approximatively, including the cluster-based algorithm and the relaxed optimization algorithm. Specifically, the proposed cluster-based algorithm can achieve relatively high performance with much lower computational complexity. Simulation results are presented to show the effectiveness of the proposed algorithms. In our future work, the user association problem considering the energy efficiency for the UAV-aided D2D networks will be further researched.
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